This paper estimates how peers' achievement gains are affected by the presence of potentially disruptive and emotionally sensitive children in the school-cohort. We exploit that some children move between schools and thus generate variation in peer composition in the receiving schoolcohort. We identify three groups of potentially disruptive and emotionally sensitive children from detailed Danish register data: children with divorced parents, children with parents convicted of crime, and children with a psychiatric diagnosis. We find that adding potentially disruptive children lowers the academic achievement of peers by about 1.7-2.3 percent of a standard deviation.
Introduction
During the last decade, a consensus has developed that all learners should be educated within the mainstream sector. Therefore, countries across the world strive to establish inclusive settings within the compulsory education system (see the review by European Agency for Development in Special Needs Education, 2013) . It is imperative to foresee and understand the extent of potential consequences of this policy trend. Recent evidence suggests that inclusion of disadvantaged children in mainstream classrooms exert negative effects on the other learners (e.g. Figlio, 2007; Carrell and Hoekstra, 2010; Cho, 2012; Kristoffersen, 2013; and Diette and Uwaifo Oyelere, 2014) .
One paper (Hanushek, Kain and Rivkin, 2002) finds small positive but insignificant effects of sharing a classroom with a disabled student. Our paper adds to this sparse literature.
This study is concerned with the impact of the presence of potentially disruptive and emotionally sensitive children in one's school-cohort. We approximate disruptiveness by early student characteristics and quality of the home environment prior to school enrolment. Hence we do not rely on measures of current behavior that may be difficult to handle for simultaneity reasons. Our estimation strategy exploits children who move into the school-cohort and thus generate variation in peer composition. For this exercise, we rely on population-wide Danish register-based data that provide us with a panel of pupils and schools. Importantly these data allow us to control for prior student performance and school fixed effects.
Our main contributions are the following: Firstly, compared to the existing literature, we consider a broader group of disruptive and emotionally unstable children. Specifically, we look at children whose parents have divorced, whose parents have a criminal history, and who themselves have an early psychiatric diagnosis. This is appealing because disruptiveness may easily extend beyond children exposed to extreme and violent home environments as analyzed by Carrell and Hoekstra (2010) . Fewer than 5% are exposed to domestic violence in their sample and effects of less problematic exposures may be just as interesting. Secondly, the availability of unique population wide individual level panel data allows us to improve upon the estimation strategy compared to much previous work. Like for instance Fletcher (2009) for children with emotional problems and Cho (2012) and Diette and Uwaifo Oyelere (2014) for English Language Learners (ELL), we employ a value added model which implies that our disruptiveness measure is only required to be exogenous with regards to changes in test scores, not with regards to levels of test scores. However, our strategy does not rely on variation in disruptive classmates within school-grade or within individual. Rather it explicitly exploits movements of supposedly disruptive or emotionally sensitive children across schools.
We first document that children with divorced or criminal parents or own psychiatric diagnoses have on average worse behavior than their classroom peers. Then we present evidence that receiving a potentially disruptive child can have negative consequences for peers in the receiving school-cohort, in the sense that it lowers their immediate academic achievement in reading by about 1.7-2.3 percent of a standard deviation. The strongest and most robust effects seem to come from children with a psychiatric diagnosis or whose parents have a criminal history, while children with divorced parents exert no significant effect on test scores of peers on average. However, when we allow disruptive boys and girls to have different effects, we find that a boy with divorced parents does seem to disrupt peers to an extent that is reflected in their test scores.
Our paper contributes not only to the literature on the effects of disadvantaged children in mainstream classrooms; we also speak to the literatures concerned with consequences of peer performance and characteristics more generally (see Epple and Romano (2011) and Sacerdote (2011) for overviews). Our study is, for example, related to two recent contributions by Lavy, Silva, and Weinhardt (2012) and Lavy, Paserman and Schlosser (2012) that both document that a higher proportion of low-achieving peers is detrimental for pupil achievement. 1 It is also related to Black, Devereux, and Salvanes (2013) who is concerned with peers' background characteristics. They find evidence that the proportion of girls improves female (but not male) outcomes and that higher earnings among peers' fathers improve male outcomes. Lavy and Schlosser (2011) find positive effects of having a large fraction of girls in the classroom for both boys and girls. Other examples of this type of work are studies of the impact of school desegregation programs, where some studies find scattered and moderate effects of balancing the racial composition (Angrist and Lang, 2004; Hoxby and Weingarth, 2006) , while others find substantial effects (Billings, Deming and Rockoff, 2014) .
The paper is structured as follows: Section 2 gives a brief overview of the institutional setting, Section 3 presents our data, and Section 4 discusses our identification strategy, Section 5 describes our measures of disruptive children, Section 6 reports results, and Section 7 concludes.
Institutional setting

Elementary Schools in Denmark
For the period relevant to our study education is compulsory from the calendar year the child turns 7 until the child has completed 9 th grade. 2 Before the 1 st grade there is an optional preschool year with a take-up of 83% in 2005 (UNI-C, 2012). After the completion of 9 th grade the pupil can either enroll in high school or in vocational school. The preschool class, 1 st to 9 th grade as well as postcompulsory schooling are free of charge, as long as they are taken on public schools; private schools and boarding schools charge tuition fees.
In the preschool class, pupils are taught by a form teacher, but from 1 st grade to 9 th grade, pupils are taught by subject specific teachers. The same subject specific teacher follows the pupils through several grades. There are no general regulations as to the organization of teachers across grades.
However, many schools are informally divided into age groups preschool-3 rd grade, 4 th -6 th grade, and 7 th -9 th grade, and each teacher will typically specialize in their subject teaching within one age group. Classes consist in general of no more than 28 pupils. Each class has one or two main responsible teachers (typically the teachers in Danish and/or math), who cover the main part of their lectures during a number of school years. Most schools offer all grades up until grade 9 but there are some small schools that only offer a subset of these, often up until grade 6 or 7, the pupils then finish compulsory schooling at another school.
National Tests
Danish school children have not been systematically evaluated in the lower grades until 2010.
Before 2010 the children were only systematically graded from 8 th grade and they experienced their first exam at the end of 9 th grade (at around age 16). After some years of poor performance in OECD's PISA-test (2000 and , the parliament decided to introduce systematic nationwide testing throughout compulsory school.
The National Tests are IT-based, self-scoring and adaptive tests. 3 The test score is based on a precise measure of student ability rather than a count of the number of correct answers. Instead of giving all pupils the same questions and summing up the number of correct answers, the software 2 In 2009 the preschool year became compulsory, but the youngest cohort in this study started preschool in 2008. 3 For details on the national tests, see Beuchert and Nandrup (2014). calculates an ability measure after each question and then finds a question with a difficulty level that matches the contemporary measure of the pupil's ability level. After each question the software re-estimates a new ability level and the difficulty level of the next question is based on a RASCHalgorithm that ensures that the student is given questions that he or she has a 50% probability of answering correctly. Thus the final ability estimate is not a function of the number of correct answers but instead a function of the difficulty level of the questions and the ability of the student.
The final ability measures are distributed from -7 to 7 on a logit scale.
The test is designed to simultaneously estimate the pupil's ability within three profile areas of each subject, and the algorithm will alternate questions testing each of these three profile areas. In this paper we focus on the tests in reading in 2 nd , 4 th , 6 th , and 8 th grade and use the tests in math in 3 rd and 6 th grade as a robustness test. The three profile areas in reading are 1) Language Comprehension, 2) Decoding, and 3) Reading Comprehension and in math they are 1) Numbers and Algebra, 2) Geometry, and 3) Mathematics in Use.
The National Tests are primarily thought to have a pedagogical purpose rather than an accountability purpose. Thus, the main purpose of the tests is to give feedback to teachers, pupils and parents, about the ability level of the individual child. In principle, the teacher can assist weak children and/or provide the child with aids or breaks during the test. Information on assistance or aid given to the pupil is unfortunately not available for researchers but obviously it is known by the teacher and child. The tests are in principle compulsory for all students enrolled in public schools, but headmasters may exempt students from the test. Our identification strategy accounts for these issues, and we will elaborate on this in the section about the empirical strategy.
Data
We exploit administrative data for the entire Danish population maintained by Statistics Denmark.
These include key individual level test score data from the National Tests (spring 2010-2013) in addition to school identifiers and socio-economic background information about pupils and their parents. Important for our empirical strategy, we are able to identify children who move between schools. We identify three groups of potentially disruptive children through their background characteristics: children with parents who have divorced before the child turned 6, children with parents convicted of a crime before the child turns 6, and children diagnosed with a psychiatric diagnosis before he or she turned 9. 4 All other child and parent information is measured at age 5, which is the year before they start school, in order to ensure that school experiences do not influence the background characteristics. We define parents as divorced if they do not live at the same address on January 1 in the year the child turns 5. 5 We define parents as criminal if either the father or the mother has been convicted of a non-traffic crime or has been sentenced to prison because of sufficiently severe traffic-related crime before the child turns 6. We define children with a psychiatric diagnosis based on registered psychiatric diagnoses at general hospitals before age 9.
From the full population, we select children enrolled in public schools in mainstream classrooms who took the National Test in reading or math in the relevant years; 6 see Table A1 . We restrict our sample to only contain cohorts from schools where at least some of the students continued on the same school until the end year. In that way we exclude cohorts from schools that close and from small schools that did not offer the relevant grades. We also remove the very small school-cohorts (less than 10 pupils) along with the very large ones (more than 200 pupils). When we run our regressions, we exclude potentially disruptive students who move and thus create our identifying variation, such that their test scores are not included in the analysis, this reduces our sample sizes even further. We use variation at the school-cohort level rather than the classroom level. We believe that it is more likely that the mobility of students is exogenous at the school-cohort level than at the classroom level, because the school principal might sort new students across classrooms and teachers, based on different unobservable criteria. Table A2 defines our background variables and Table A3 shows means of outcome variables and background characteristics of the children in our main sample covering children with test scores in reading. Outcome variables are z-scores from the National Tests. 7 The receiving school-cohorts score lower on test scores after the new children have entered the school-cohort, than non-receiving school-cohorts do. Note that they also scored lower in the base year. Furthermore, these school- 4 We choose a higher age limit for psychiatric diagnoses because such diagnoses are rare before the age of 6. 5 We do not distinguish between marriage and cohabitation. 6 A large breakdown of the IT system behind the National Tests implied that 7% did not take the test as planned (see Rambøll, 2013) . In 2012 not all of the pupils enrolled in public schools in 2010 continued in public schools: 95.86 % of the students who were in public schools 2 nd , 4 th , or 6 th grade, were enrolled in public schools again in 2012, while 3.84 % of the students had moved to a private school where they are not part of the systematic National Tests, and the last 0.30 % had moved to special schools or boarding schools. 7 In order to construct one test score, comparable to the existing literature, we create a standardized average of test scores across the three profile areas. To account for possible differences in the scales across profile areas, we first standardize the scores for each profile area for each grade-year combination before we average the scores. Finally we standardize the average of the standardized profile areas for each grade-year combination in order to ensure that the average test score has a standard deviation of one and a mean of zero. cohorts have more disruptive children before the new children enter the school-cohort. In total the school-cohorts that receive disruptive children, no matter how it is measured, have on average a less favorable socio-economic background. Hence it is crucial for our analysis to include this rich conditioning set.
Slightly more than 90 % of the school-cohorts receive or lose a pupil between the two tests, causing shifts in peer composition over the two-year period. Three out of four school-cohorts receive a new peer with divorced parents. Also three out of four cohorts receive or lose a new peer with parents who have a criminal background. While 19 % of the cohorts receive a new pupil with a psychiatric diagnosis, only 14 % lose a pupil with such a diagnosis. This difference between the inflow and the outflow reflects the increasing tendency of inclusion of mentally disabled pupils in mainstream schools. For details, see Table A4 .
In total 21 % of the children in our sample have divorced parents and around 27 % of the children in our sample have parents where at least onetypically the fatherhas committed a crime before the child starts school. These families tend to move more than others and therefore many schoolcohorts either receive or lose a child with these characteristics. Fewer than 5 % of the mothers have committed a crime before the child starts school compared to 24 % of the fathers. The most common types of crime committed by the fathers are property crime (16 %), drugs and weapon related felonies (10 %) and violence (6 %). In total 11 % of the fathers have at some point gone to prison, and about 2 % of the fathers have been to prison due to a traffic violation.
Estimation Strategy
The panel nature of our dataset allows us to estimate peer effects in a value added framework. We estimate the effect of receiving a disruptive peer in the school-cohort on test scores, conditional on lagged test scores, lagged school-cohort characteristics and information on individual and family background. We measure potential disruptiveness through indicators of the family environment prior to school enrollment as described above. We are interested in how the presence of disruptive children in the school environment affects peers, but contemporaneous disruptiveness of one student might be affected by the behavior and performance of other children. It will therefore be difficult to disentangle who is influencing whom due to the simultaneous nature of peer effects. Our first two measures of disruptiveness: divorced parents and criminal parents are measured before the children enter school, and the last measure: children with a psychiatric diagnosis, is measured before they turn 9, and thus before the first test; it is thus very unlikely that they are affected by their new school mates. Many psychiatric diagnoses are not discovered until the child starts school.
Almost 2 % of children in mainstream classrooms were diagnosed with a mental disorder at 8 years, but only 43 % of those were diagnosed before they started school. Also the composition of diagnoses differs for those diagnosed before they started school and those who were diagnosed before age 8. Among the 8 year olds ADHD is the most common diagnosis, while among the 5 year olds the most prevalent diagnoses are neurodevelopmental disorders, autism, and eating disorders.
We estimate the following model for test score, y:
where indicates the child, the class (school-cohort), and time. is a 1 × 2 vector where the first entry takes the value one if a disruptive child has entered the school-cohort since − 1 and the other takes the value one if a disruptive child has left the school-cohort since − 1.
is a 1 × 2 vector that registers any movement into or out of the school-cohort. 8 The parameter associated with receiving a disruptive child ( ) is the parameter of interest and the counterfactual is receipt of a non-disruptive child. indicates the size of the school-cohort, ℎ is the share of disruptive children at the school-cohort at − 1 , includes individual level background characteristics measured before the child starts school, 9 and ℎ is a vector of school indicator dummies. By including grade and base year fixed effects and interaction of those two, we are able to control for differences in means of the test scores in each base year by grade level cell. We allow the error term to be clustered at the school level.
In the value added framework the movement of the pupils needs only be exogenous to the changes in test scores and not to the levels, as our conditioning set includes previous test scores. This is less restrictive than a model that regresses gains in test scores on observables given that the inclusion of previous test scores captures the unobservables in the school and home environment that influences test scores. 10 The rest of the conditioning set is assumed to account for other differences there might be.
The two components of the vector capture any general effects of school-cohort disruption, or the effects of increasing the school-cohort size. Larger schools covering larger districts will typically experience more movement; we thus include which controls for the effects of the school-cohort size that otherwise would have an indirect effect on our results. Test scores are standardized on the full sample for each year and grade level to have zero mean and unit variance, we include grade fixed effects to control for any differences in the means of the test scores that are due to sample selection. By including ℎ we allow for the possibility that school-cohorts with a high share of disruptive children might be more likely to receive an extra pupil. Finally school fixed effects and individual characteristics allow for differences in the probability of receiving a disruptive child across socio-economic status and across schools. 11 We use indicator variables to measure movement of children into and out of the peer group rather than changes in the fractions. This strategy allows for asymmetries and nonlinearities of the effects in a simple fashion. The distributions of movements into the school-cohort are shown in Figure 1 .
They suggest that a substantial part of the variation in the influx comes from the extensive margin: whether one potentially disruptive child enters the class or not (0/1). For diagnosed children, only 20% of the observations involve more than one child moving, while for children of divorced parents and children with criminal parents, 70% of the observations involve more than one child moving. In the former case a linearity assumption would not be overly restrictive because almost all variation comes from the margin zero to one, whereas in the latter case a linearity assumption would be more restrictive because it requires that the impact of each additional potentially disruptive child is the same.
FIGURE 1 DISTRIBUTION OF THE INFLUX OF CHILDREN
As discussed above some children may receive aids during the tests, and this will possibly affect the test scores, but we are unfortunately not able to observe this, and hence control for it. But in the same way that test scores in 2012 (2013) (2011) and 2012 (2013) . We believe that children who are exempted from the tests are typically children who would perform poorly if they were to take the test. We might therefore not be able to capture how the worst performing children will be affected by a new disruptive peer.
We estimate a linear probability model to investigate how much of the variation in increase of disruptive children can be explained by our conditioning set. This model will give us an idea of how well the increases can be predicted by characteristics of the school-cohort or to what extent it is an exogenous shock to the peer composition. significance since our models include more than 200,000 observations. In fact, the P-values on the F-tests of joint significance of individual level background characteristics indicate that increases of children of parents with a criminal background are unrelated to observable characteristics.
Formally, we cannot reject the null hypothesis that coefficient estimates are zero (P-value 0.124). In contrast, there may be some correlation in the cases with children of divorced parents (P-value 0.012) and with regards to the influx of children with a psychiatric diagnosis (0.024). We acknowledge this and control for the rich set of observable characteristics in our analysis. Since our main analysis relies on the assumption that the influx of disruptive children should be unrelated to changes in test scores given our conditioning set, it is comforting to see that our regressions show that increases of disruptive children is unrelated to the levels of test scores in the base year.
Disruptive children
The primary channel through which children with divorced or criminal parents or an early psychiatric diagnosis may affect their peers is thought to be through behavior, although other mechanisms may also be at work. The question is whether the indicators for potentially disruptive behavior actually capture disruptive behavior. For this reason, this section investigates behavior of potentially disruptive children. This analysis relies on auxiliary survey data on a subsample of sixth graders who completed the National Test in 2013; see Andersen, Beuchert and Nielsen (2014) .
Importantly, these survey data include information about self-reported answers to the Strengths and Difficulties Questionnaire (SDQ); see Goodman (1997) . 14 The SDQ covers five subscales: 1) emotional symptoms, 2) conduct problems, 3) hyperactivity/inattention, 4) peer relationship problems, and finally 5) pro-social behavior. 1) through 4) added together generates a total difficulties score. A high total difficulties score corresponds to a high level of difficulties. The fifth scale, in contrast, is a measure of strengths; here a high score is equivalent to more pro-social behavior. The scores of the five SDQ scales lies between 0 and 10 and the total difficulties score lies between 0 and 40. Table 2 shows the (unconditional) relationship between our measures of disruptiveness and the total difficulties score. Columns (1), (3), and (5) present simple regressions of SDQ on our measures of disruptiveness, while columns (2), (4), and (6) also allow for gender interactions. Columns (7)- (8) combine all variables in one model. Children of divorced and criminal parents exhibit significantly worse behavior than other children. Interestingly, we see that the correlation between SDQ and parental crime is higher for girls than for boys. Children with an early psychiatric diagnosis do, on average, score differently than other children. Note though that we only have information about children in mainstream classrooms, but the children moving into the classroom in our main analysis are not restricted to come from a mainstream classroom. Children who are more severely affected by their psychiatric disorder will most likely be placed in either a special needs class or in a special school. Thus, Table 2 shows a clear relationship between misbehavior and the indicators for potential disruptiveness. 15 (2014) support what we find in terms of children with divorced parents. They find that the SDQ difficulties score among children from nuclear families is 7.34 as opposed to 8.96 among children whose parents enjoy joint custody and 9.57 among children in single care. Snyder et al (2001) show that children with incarcerated parents are at increased risk for abuse of drugs and alcohol, engaging in antisocial behavior, dropping out of school or experiencing a decline in school work as well as having high levels of truancy, aggression, and disruptive behaviors, compared to other children. As mentioned, the most 15 The pattern is similar for each of the subscales. The only exception is that children with a psychiatric diagnosis score higher in the externalizing dimension only. The estimates for the individual subscales are available upon request.
Meassure of disruptiveness:
( common psychiatric diagnosis established before the age of 9 is ADHD (18%). Core symptoms associated with ADHD are well-known and include reduced attention span, hyperactivity, and impulsive behavior. In fact, SDQ has been shown to identify over 70% of individuals with conduct, hyperactivity, depressive and some anxiety disorders; Goodman et al. (2000) .
Effects on student outcomes
This section first presents our main findings followed by a range of heterogeneity and robustness analyses. Table 3 shows the results from our baseline estimations. For completeness, the table reports all coefficients associated with movement indicators. The first coefficient in each panel is the estimate of our parameter of interest that indicates the effect of an increase of potentially disruptive children.
Main results
For completeness, we also show the coefficients associated with a decrease in potentially disruptive children and effects of movements in general. Columns (1)-(4) sequentially add control variables.
Panel A reports the estimations using children with divorced parents as the measure of potentially disruptive children. Column (1) shows coefficients from a regression only on the movement dummies and baseline test scores. Recall that the increase dummies indicate if there have been any (disruptive) children moving into the school and the decrease dummies indicate if there have been any (disruptive) children moving out of the school. Column (2) adds school fixed effects; column (3) adds school-cohort variables, and column (4) adds individual characteristics. Panel A shows that the point estimate associated with receiving a child with divorced parents is practically zero and insignificant after we control for school fixed effects and it remains stable when we include schoolcohort and individual characteristics. We interpret this as evidence that having peers with divorced parents does not seem to affect the pupil's performance gain. Table 3 , Panel B shows the estimates from our models where we consider children with parents who have committed a non-traffic crime before the child turns 6 as the group of possibly disruptive children. The coefficient associated with receiving a disruptive child shows that including a child with criminal parents into the school-cohort has a negative effect on the test score gain for the peers. The effect is again robust to the inclusion of more controls after the school fixed effect is controlled for and is significant at a 5 % level in the full model. and Lavy (1999) and Fredriksson, Öckert and Oosterbeek (2013) ) and is a bit smaller than the effects of including an English Language Learner found in Cho (2012) . Remember that we do not use class level variation but instead use school-cohort level variation. If the disruptive behavior only affects students within the same classroom, then our estimated effect will be downward biased by the unaffected classrooms, as we estimate the average effect over all classrooms in the schoolcohort. We try to circumvent this issue in our robustness analysis below by restricting our sample to small schools with only one or two classrooms per cohort. The effect of between 1.7 % and 2.3 % of a standard deviation is the average effect of all the students in the school-cohort which on average is about 50 students, thus the total effect on all students in the cohort is substantial.
Acknowledging that these measures of possibly disruptive children are potentially positively correlated we estimate a joint model where we include indicators for all three measures of disruptive children. In fact the correlation coefficient between divorced parents and criminal parents are 0.21, between psychiatric diagnosis and divorced parents it is 0.04, and between criminal parents and psychiatric diagnosis it is 0.03. The regressions in Table A5 show generally the same pattern as the regressions above. Both the effects of receiving a child with criminal parents and that of receiving a child with a psychiatric diagnosis are slightly lower than in the simple models and only significant at a 5 % level.
To sum up, our estimations suggest that the inclusion of a disruptive pupil in a school-cohort can negatively influence the test score gain of the new peers. The estimated effects of receiving children whose parents are convicted of crime and children with a psychiatric diagnosis are robust to the inclusion of various controls.
Heterogeneity
The effects found above suggest that children on average are negatively affected by sharing a classroom with a disruptive child. But it may very well be that the effect is larger for different age groups or across genders.
The results in Section 5 showed substantial gender variation in SDQ within our classes of disruptive children. It is thus natural to think that boys and girls with these characteristics will affect their peers differently. Recent work by Bertrand and Pan (2013) find similar gender differences in terms of externalizing behavior and find that the quality of the home environment is much more important to boys than girls: boys living with single mothers seem to have more disrupting behavior whereas girls do not.
In Table 4 we have re-estimated our main model distinguishing between the genders of the disruptive children. We estimate the model by including disruption and moment dummies by the gender of the moving children. Interestingly we now find that an influx of boys with divorced parents has a negative effect on peers' tests scores, whereas this is not the case for girls (note: that the estimates for influx of boys and girls with divorced parents are not statistically different from each other). It is consistent with the results found by Bertrand and Pan (2013) that boys are more affected by their parents not living together and therefore exert more adverse behavior toward their peers. The influx of children with criminal parents does not seem to differ by gender, though the point estimate for the influx of girls with criminal parents are higher than the one for boys, the effect of boys is only significant at a 10 % level, whereas the estimate for girls is significant at a 5 % level. Note the two estimates do not significantly differ from each other. The same pattern emerges for boys and girls diagnosed with a psychiatric disorder, they affect their peers negatively, again we cannot reject that the two point estimates differ. This is not that surprising considering that the diagnosis criteria generally do not differ by gender. 16 Our main analysis reports the average effect over all three cohorts of school children but it is not obvious that children in different age groups are affected in the same way. First, the nature of the disruptive behavior might change with age as the pupils mature. Second, we saw above that the frequency of movement change as the pupils gets older, but it might also be different children who move at different times. Finally, the peers might not be equally affected by the disruptive peers in the early grades compared to the later grades. We therefore divide the sample into three groups by the grade they attended in the base year. We find that effects are generally bigger when the disruptive child moves into the classroom between 4 th and 6 th grade. The smaller sample sizes make the inference more imprecise, but the effect of receiving a child with a psychiatric diagnosis between 4 th and 6 th grade is significant on a 5 % level. In general we cannot reject that the effects are equal across grade levels. 17 Results are available upon request. 
Robustness analyses
Our rich set of controls above adjusts for differences in socio-economic backgrounds between schools, and the school fixed effects adjusts for differences between schools. If it is the case that Note: The model estimated is a linear regression model controlling for previous test score, including dummies for decrease in the potentially disruptive boys and girls separately, and dummies for the general movements of boys and girls separately, for a detailed list of the remaining controls see Table A2 .
students select into schools based on unobservable differences between schools, then our school fixed effects would be pivotal, and the results would differ if the analysis were done on municipality fixed effects instead. Yet Table 5 , column 2 shows that this is not the case. Our estimates are fairly stable and the conclusions above do not change.
It could, on the other hand, just be that school fixed effects are too crude to capture the unobserved differences between the children who receive a disruptive child and those who do not. We therefore proceed to estimate models that include family fixed effects. This is feasible since almost half of our sample consists of sibling pairs. The estimates from the model with sibling fixed effects are reported in Column 3. The reduction in sample size reduces the precision of the estimates slightly but the point estimates are stable. Thus we are confident that the differences between children in grade-cohorts who are exposed to an influx of disruptive children and those who are not, are captured by the rich set of controls and the school fixed effects we have included in the main analysis.
In the analysis above we have used school-cohorts of varying size; we have selected our sample size such that the size of the school-cohort is between 10 and 200. Danish school classes consist of a maximum of 28 students 18 , thus the very large school-cohorts might have 7 or 8 different classes, whereas the smallest have only one class per cohort. It is highly plausible that peer effects mainly work within the classroom and the effect diminishes in the large cohorts where only one school class receives a potentially disruptive peer. We are therefore interested in whether the effect is more pronounced in small schools with a maximum of 50 students (corresponding to 2 school classes per cohort). This is of course a selected sample of our main sample as the small school tends to be placed in more rural areas. Column 4 of Table 5 reports the estimates for these smaller schools. The effects of receiving a peer with a psychiatric diagnosis are slightly higher than the effects found in the main analysis. Another potential concern with our sample selection is that the children who stay at the same school are different from those who move around. Our main analysis included the non-disruptive children who have changed school between the two test scores, as long as they took the test in both years.
Column 5 shows the estimates when we run the regression for the children who stayed in the same school. The estimates are a bit smaller in magnitude and insignificant, but point in the same direction. One could also be concerned that children are moved around within the same municipality in order to cope with their disabilities and potential disruptiveness and that the receiving school is chosen because it is better equipped to handle the disruptiveness. In Column 6 we report the estimates when we only consider disruptive children who have moved municipality.
In some extreme cases parents may decide to move residence or split up as a consequence of the child's behavioral problems, in which case these effects should be stronger. If the parents strategically settle in school districts where they believe the children are less likely to affect the new peers, this would bias the results. However, our prior is that it is more likely that such moves are caused by factors other than child behavior; for example parental job opportunities. The effect of receiving children with parents who have a criminal history disappears when we only consider the children who moved municipality, whereas the effect of receiving children with a psychiatric diagnosis is much larger after imposing the additional restriction. This may suggest that children with criminal parents (a psychiatric diagnosis) who move to another municipality are less (more) disruptive compared to others.
Column 7 shows the results if we only consider the children who are diagnosed before they start school. It seems that they affect their peers to a larger degree than those who are diagnosed later. In many cases the symptoms of psychiatric disabilities only show after the children start school. Thus those who are diagnosed before might have more severe symptoms, and as a consequence be more disruptive.
Finally, column 8 includes indicators for future influx and outflow of potentially disruptive children. The idea is to see whether, conditioning on current peer composition, future composition has an independent effect on current achievement. This is, in a sense, a falsification test. If there is no selection based on trends then the future peers should have no effect on current achievement as long as one controls for current peers. 19 This exercise does not change our main estimates, though it does affect significance (this is mainly because our sample size is reduced with around 50 % because future data are only available for the oldest cohorts in our data set)
We have performed a series of additional robustness tests: a) we have run a regression with test score gains as an alternative outcome (equivalent to fixing = 1 in our estimation equation), b) we have estimated a model on school-cohorts where the change of students is less than 30% of the original school-cohort size, and c) we have changed the clustering level to municipalities. None of these modifications change the conclusions in our main analysis considerably and all are available upon request. Standard errors are clustered at the school level and shown in parentheses
Math test scores
Besides reading test scores we have math scores for one cohort. The children who attended 3 rd grade in spring 2010 and thus 6 th grade in spring 2013 have taken the National Test in math twice within our sample period. Below we repeat the same analysis for math test scores, as we did for reading above. Note that due to the timing of the National Tests, these test scores are three years apart, which means that there on average has been more movement in and out of the school-cohort.
Furthermore, the children who have moved into the school-cohort have had longer time to influence the performance of their peers on average. As we only have one cohort at each school in our sample, employing school fixed effects is not feasible and we instead include municipality fixed effects. Recall that our results were robust to using municipality fixed effects instead of school fixed effects in the analysis of reading scores above.
The main results for math are shown in Table 6 . First notice that receiving children with divorced parents reduces math test scores of the peers with 5 % of a standard deviation. The effect of receiving a child with parents who have been convicted of crime is of the same magnitude but only significant at a 10 % level. Children with a psychiatric diagnosis do not affect their peers' math scores to the same extent as the other two measures. The estimate for diagnosed children is more similar to what we found for reading scores but imprecisely estimated. The peer characteristics that lead to negatively spillovers on classmates thus seem to differ in reading and math.
Concluding Remarks
All over the world, children with various disadvantages and disabilities are being included in mainstream classrooms. However, only scarce evidence exists about the potential consequences of this policy trend for the other learners. This paper utilizes student mobility to investigate how student achievement is affected by potentially disruptive peers. We use information on marital status, criminal history of the parents and early psychiatric diagnoses of the children to identify possible disruptive peers. Nationwide, individual level panel data on tests in reading (and math) allow us to identify the effect of receiving additional disruptive peers conditional on prior test scores and a large set of information about individual characteristics and family background. To avoid simultaneity issues, we rely on early-life, pre-test measures of disruptiveness.
We find evidence that influx of a potentially disruptive child has negative consequences for the learning environment in the receiving school-cohort. It in fact lowers peers' academic achievement by about 1.7-2.3 percent of a standard deviation for reading. This is a robust but relatively moderate effect size. We perform a range of specification analyses, including a sibling fixed effects model.
We believe that the similarity of the results provides a strong, if not completely conclusive, argument that we are identifying the effects of interest.
The effect seems to be strongest and most robust for peers in school-cohorts that receive a child with a psychiatric diagnosis. Children who receive a new peer with parents who have been convicted of a non-traffic crime seem also to be negatively affected in terms of their reading scores. Standard errors are clustered at the school level and shown in parentheses.
